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Neutrino physics has always been an important area of research in particle physics, especially since
the discovery of neutrino oscillations. The Jiangmen Underground Neutrino Observatory (JUNO) is a
new large liquid scintillator detector that aims to solve the neutrino mass hierarchy measuring reactor
neutrino interaction in the detector via inverse beta decay. One of the most relevant background
effects is given by the presence of electrons which, even if they don’t take part in the decay reaction,
leave a trace very similar to that of positrons in the liquid scintillator. High energies experimental
physics has always had to deal with the management and observation of large amounts of data; for
this reason, nowadays, the development of algorithms and the use of computer techniques are some of
the most important skills that form the background preparation of a physicist. With the advent of the
so-called big data and the rapid development of hardware components, the field of artificial intelligence
has made numerous progresses in recent years. In this thesis the electrons-positrons discrimination in
JUNO experiment are investigated through the use of artificial neural networks.
The work is organized by first introducing the main features of JUNO and the inverse beta decay; then
a brief illustration of the modern deep learning techniques is given. Finally, the data set is presented,
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1.1 The JUNO Experiment
The Jiangmen Underground Neutrino Observatory (JUNO) [1][2] is a large liquid scintillator detector
currently under construction near Kaiping, Jiangmen, South China. Its main goal is to determine the
neutrino mass hierarchy (MH).
In fact, the mass of the neutrino has never been directly measured due to its very small dimension;
however, the differences between the squares of the masses of the various flavors were managed to be
measured [3]. As it is known, neutrinos occur in 3 different eigenstates: electronic |νe〉, muonic |νµ〉 and
tauonic |ντ 〉. However, other experiments such as Super-Kamiokande [4] have shown that neutrinos
oscillate between mass eigenstates |ν1〉, |ν2〉 and |ν3〉 (different from those of flavor). As a matter of
fact, the time evolution operator acts differently on the three masses and this causes the phenomenon
of neutrino oscillation, where a neutrino of a certain flavor νi can be detected as another flavor νf after
a certain distance traveled. More precisely, the relationship between the mass eigenstates |νi〉 and the
flavor eigenstates |να〉 is given by the Maki-Nakagawa-Sakata-Pontecorvo (MNSP) matrix [5][6][7]:νeνµ
ντ
 =





which can be parameterized using 3 mixing angles θ12, θ13, θ23 and a parameter δ called Dirac CP-
violating phase.
The order of the masses of the first two eigenstates was determined m2 > m1 [3].
Figure 1.1: Neutrino mass hierarchies. Leftside normal, rightside iverted hierarchy. The colors denote the
individual flavor contribution to each mass eigenstate [1]
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However, the position of the third mass eigenstate remains an open question, and there are two possible
scenarios:
• Normal Mass Hierarchy (NH) m3 > m2 > m1.
• Inverted Mass Hierarchy (IH) m2 > m1 > m3.
In order to study MH, JUNO is located near two nuclear power plants, equidistant 53 Km from each
of the two. The reactors of the plants act as a source of electronic antineutrinos (ν̄e). To study these
products, their probability of survival is taken into account

























To give a solution to the MH problem, JUNO has been designed to have an energy resolution of
at least 3%/
√
Mev. To achieve such a resolution, as shown in figure 1.2 the detector is composed of a
scintillating liquid contained within an acrylic sphere with a diameter of 35.4 m. To collect the light
produced by the excited scintillator, the container is covered with a structure that supports about
18000 large photomultipliers (∅20 inch) alternating with 25600 small PMTs (∅3 inch) [8]. The central
core is immersed in a tank full of instrumented water which acts as a water Cherenkov, which allows to
reduce background events. Finally, further layers of plastic scintillators, the top tracker, were placed
at the upper end to detect other background particles, mainly atmospheric muons.
Figure 1.2: Structure of the JUNO experiment [1][2]
1.2 Inverse Beta Decay
The golden channel for reactor anti-neutrino detection in JUNO is given by the Inverse Beta Decay
(IBD)
ν̄e + p −→ n+ e+ (1.3)
This type of event can be schematized in figure 1.3. The electronic antineutrino interacts with a
proton in the scintillator through weak interaction producing a positron and a neutron.
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Figure 1.3: Reactor neutrino signature in liquid scintillator [9]
The positron reacts with the scintillator medium by depositing energy and the latter releases a cascade
of scintillation light. The light produced propagates through the liquid until it reaches the PMTs.
When the positron has lost most of its kinetic energy it can annihilate with one of the electrons
contained in the medium or produce unstable positronium. This annihilation leads to the creation
of two γ rays with an energy of 511 keV each which, in turn, interact with the medium, producing
other charged particles and giving rise to further scintillation light. Taking into account this electron-
positron annihilation it is possible to reconstruct the initial energy of the neutrino [10]
Eν̄e ≈ Eke+ +me +mn −mp
≈ Evis −me +mn +mp, with Evis = Eke+ + 2me
≈ Evis + 0.8MeV (1.4)
On the other hand, the neutron, moderates in the liquid scintillator until it is absorbed by a nucleus,
emitting 2.2 MeV gamma rays.
1.3 Electron-Positron discrimination
Even if the inverse beta decay leaves a distinct mark in the detector, there are some events that produce
a very similar trace and therefore must be interpreted as background signals for the measurement of
MH. Most background events actually consist of an electron instead of a positron.
Indeed, the electrons generate a signal very similar to the positrons in the scintillator liquid, as figure
1.4 shows. The only difference is the lack of annihilation, as there are no free positrons in the medium.
Figure 1.4: Electron signal in LS [9]
After the positron has lost most of its kinetic energy, it annihilates directly with a free electron in the
SL or forms metastable positronium. Positronium can appear in two different states, para-positronium
and ortho-positronium [11].
Therefore, the differences in the electron and positron traces can be summarized as follows:
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• For direct annihilation and para-positronium decay the main difference is the spatial distribution
of scintillation light due to the propagation of the two generated γ’s.
• For ortho-positronium there is a difference in spatial distribution.






vis ≈ Ek + 2Eγ (1.5)
This leads to three possible principles of discrimination, based on:
• Pulse shape differences due to the different time arrival of optical photons to the PMT photo-
cathodes.
• Spatial differences via track reconstruction (3D).
• Spatial differences via light pattern on detector surfaces (2D).
In this thesis the first principle of discrimination (time profile pattern) is investigated using Convolu-





Deep Learning ia a specific kind of machine learning. Therefore, to understand deep learning, a good
understanding of the basic principles of machine learning is required.
In general, a machine learning algorithm is an algorithm that is able to learn from data or, more
precisely, an algorithm that is capable of improving a computer program’s performance at some task
via experience [12]. On a more concrete level it is useful to give an example of a simple machine
learning algorithm: linear regression.
Linear Regression
As the name implies, linear regression solves a regression problem. In other words, the goal is to build
a system that can take a vector x ∈ Rn as input and predict the value of a scalar y ∈ R as its output.
Hence, the output of linear regression is a linear function of the input.
y = w>x (2.1)
where w ∈ Rn is a vector of parameters.
Parameters are values that control the behavior of the system. In this case, wi is the coefficient that
multiplies the feature xi before summing up the contributions from all the features. In other words,
w is a set of weights that determines how each feature affects the predictions. Thus, in this case, the
definition of the task is clear: to predict y from x by calibrating w.
In reality the term linear regression is often used to refer to a slightly more sophisticated model with
one additional parameter – an intercept term b. In this model
y = w>x + b (2.2)
so the mapping from feature to predictions is now an affine function, where the b parameter is often
called the bias.
Linear regression is of course an extremely simple and limited learning algorithm, but it provides
a clear example of how a learning algorithm can work.
However, the central challenge in machine learning is that our algorithm must perform well on new,
previously unseen inputs – not just those on which the model was trained. The ability to perform
well on a previously unobserved inputs is called generalization. The first – most important – causes
for the poor performance of machine learning algorithms are underfitting and overfitting.
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Figure 2.1: Example of an overfitted model.
• Underfitting occurs when a model is too simple – informed by too few features or regularized
too much – which makes it inflexible in learning from dataset.
• Overfitting is the opposite problem, makes the model focusing too much on the input set and
learns complex relations which may not be valid in general from new data.
Both cases are undesirable, and can be corrected by adding more instances or modifying the model.
Therefore the process requires many arbitrary choices. This is made by setting the so-called hyper-
parameters, through a trial-and-error process called fine-tuning.
2.2 Binary classificaton
Discrimination between electrons and positrons is a perfect example of the so-called binary classifica-
tion task [12]. Given two distinct categories, to solve this type of task, the algorithm must be able to
specify which category the input data belongs to. To do this, the model is generally asked to construct
a function y = f(x) which assigns an a identified numeric code y to each category, described by a
vector x.
To distinguish between two different classes of data, it is very useful to have a set of input data already
labeled, so that the algorithm can learn from features that are already classified. In this case we speak
of supervised learning. The most important parameters to define, in order to complete this task,
are the following:
1. Data specification. A set of labeled data Dtrain = {x(i), y(i)}i=1,...,m. Each pair i is called
an instance, and contains all the relevant information about the i-th event. The vector x(i)
represents the features of that event, that is a set of chosen functions of the available experimental
data. On the other hand, y(i) represents the category it belongs to.
2. Model specification. A model fW , that is a function which goes from the vectors space of
features to that of labels. f is completely specified by a set W of parameters.
3. Training. The parameters are initially randomly chosen from a distribution. A cost function,
called loss, measures how far the predictions fall from the known values y. Then the parameters
are tweaked by an optimizer in order to lower the loss value. The process is iterated many times,
until a good candidate for fW has been found.
4. Validation. If the process of supervised learning succeeds, fW should be able to generalize,
that is predict accurate labels for features that were not part of Dtrain. This can be checked by
evaluating the model’s performance on another labeled set Dval (validation set).
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5. Testing. The general performance of the model is evaluated one last time on a labeled set Dtest,
different from all the previous.
2.3 Deep Neural Networks
Deep learning provides powerful tools for dealing with supervised learning.
The Deep Neural Networks (DNNs) are a large class of models used for pattern recognition which,
in recent years, have been applied with great success in various areas, especially thanks to the recent
development of high-performing hardwares. Indeed, artificial neural networks were conceived in the
early 60s [13], taking inspiration from the structures of the human brain.
The basic unit of a neural network is the neuron. In artificial neural networks, a neuron can be
schematized as in figure 2.1, where different signals transmit information through numerical values.
To distinguish the importance of the different inputs, each of them is suitably weighted through a
weight parameter. Before transmitting the output through an activation function, an offset or bias is
added to the signal.
Figure 2.2: Artificial neuron.







where xi is the i-th input signal, wi the weight corresponding to xi, b is the bias, σ is the activation
function and y is the neuron output.
In this thesis, the so-called rectified linear unit (ReLU) was used as activation function:
ReLU(x) = max(0, x) (2.4)
In general, the connection between biological neurons can be very complex. For simplicity, artificial
neural networks are made up of layers of neurons, so that neurons in a certain layer receive inputs only
from neurons in the previous layer. The simplest version of this concept is the dense layer, sometimes
called fully connected, where each neuron receives signals from each neuron of the previous state.
Figure 2.3: Simple Neural Network with two dense layers.
In the case of a deep neural network, consisting of many layers and many nodes, the number of
parameters can become enormous, and the determination of them must be automated. In analogy
with biological neural networks this process is called ”training”. During this learning step it is useful
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to monitor how the model learns. To do this, the loss function must be minimized during the process.
In this case, since it is a binary classification task, the binary cross entrophy [14] has been chosen:













where si is the i-th neuron output.





A typical task for which deep learning is used is that of image classification. In this case the model
will have to be built to address several issues:
• High input dimension.
• Interesting features could be found only in some areas of the image.
• A type of a class can be composed of different characteristics, which can also be contained in
other classes. DNNs must be able to decompose each specific characteristic.
The models that provide solutions for all these needs are the Convolutional Neural Networks
(CNNs), formed by convolutional layers. The principle of operation of a convolutional layer consists
in applying a filter called kernel, smaller than the size of the image, to all the pixels that make up the
image. A filter consists of a small number of values with which each pixel is weighed. Each of these
values is added together before going through an activation function. Then, the filter returns a map
of values called feature map.
Figure 2.4: Example of convulational filter.





3.1 Monte Carlo data
One of the fundamental requirements for the use of deep learning techniques concerns the acquisition of
a large amount of data to train the model. The JUNO collaboration provides a Monte Carlo simulation
software1 able to emulate the detector and provide ”high level” data, that consist in physical events
reconstructed observable, such as position and energy. All data are provided in the form of TTree
objects of the ROOT software [16] that contain different types of information, such as the ”true
information” of the events or the features detected by the PMTs of different sizes. Here we use:
• one million events for e+ and one million for e− with uniformly distributed energies Ek ∈ [0, 10]
MeV that form the training set Dtrain and the validation set Dval.
• 10 sets each with 2 · 103 instances and discrete energy Ek ∈ {0, 1, . . . , 9} MeV, used as test set
Dtest.
In order to simplify the analysis, the following restrictions are made:
• Only large PMTs (∅20 inch) are considered.
• The Dark Noise is totally removed.
As mentioned before, in this thesis a discrimination approach based on time profile has been chosen,
for this reason the subsequent preparation of the data is based on the selection of particular features.
In addition to the filters already applied, only the information contained in the first hit time for each
PMT was taken into consideration. The times were then normalized so that the scale started from the
arrival time of the first hit PMT. Before proceeding, as late hits tend to undergo multiple scatterings,
a time cut of < 300 ns was applied.
3.2 Data preparation
Electron-positron discrimination is a difficult problem [9]. The physical differences of these events are
modest and only a week discrimination has been achieved with traditional analysis methods. For this
reason an approach with neural networks has been adopted. Focusing on the time profile, different




Since convolutional neural networks generally require input images, the first approach was to trans-
form data into images. However CNNs are generally used for Euclidean geometries, the spherical
arrangement of the PMTs in the detector surface must be projected into a rectangle so that it can be
used as network input.
The projection was made thanks to the methods provided by the Healpy library [17]. It is a library
available in Python 3.6 that allows to apply the Hierarchical Equal Area and iso-Latitude Pixelation
of the sphere (HEALPix), developed by NASA for astrophysical research [18]. The HEALPix scheme
starts by dividing the spherical surface into 12 equivalent quadrilaterals of different shapes, organized
into three rings - two around the poles and one around the equator (fig. 3.1). Each pixel is then further
divided into four equivalent areas, and the process repeats until the desired resolution is reached. The
number of divisions made for each of the 12 starting pixels are decided through the parameter Nside
which, to preserve the hierarchical structure, must be a power of 2. Therefore, the total number of
partitions will be Npix = 12N
2
side
Figure 3.1: Scheme of the HEALPix pixelation [18]
With the aim of analyzing the time profile, the image is constructed starting from the first hit time:
each spherical pixel is associated with the minimum hit time of the corresponding PMT, where 0 ns
corresponds to the first PMT fired. In an attempt to represent as much information as possible, a
Nside = 32 has been chosen, corresponding to a number of pixels Npix = 12218, so that it have about
1.5 PMTs per pixel.
The Healpy library provides different solutions to represent and project spherical data. For this model,
in particular, the Mollweide projection [19] was chosen. It is a map, famous for being mainly used
in geographical maps, whose main characteristic is that of leaving the areas unchanged. Through the






(λ− λ0)cosθ y = R
√
2sinθ (3.1)
where θ is an auxiliary angle defined by 2θ+ sin2θ = πsinφ, λ the longitude, λ0 the central meridian,
φ the latitude and R the radius of the sphere.
It is a equal-area maps that preserve area measure, generally distorting shapes in order to do that. It
allows to give priority to the information contained in a certain surface, rather than to the shape of
this, so the signal per unit area is shown in correct proportion.
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Figure 3.2: Mollweide Projections of two events with similar energies: positron on the left and electron on the
right.
Figure 3.2 shows a positron and electron sample, respectively, with approximately the same energy
(Ee
+
true = 8.12 MeV and E
e−
true = 9.18 MeV)
2. Nowadays, the most performing neural network archi-
tectures, while achieving excellent results in various fields of application, are not much better than
humans in completing a classification task. Therefore, starting from the assumption that we are good
classifiers, it is impossible at first sight to recognize patterns in the images that allow us to significantly
distinguish the two particles. For this reason the path of building images has been discarded.
3.2.2 Power Spectrum
The representation of the features through the images could have led to a loss of information. For this
reason, a method was sought to encode the same information obtained from the HEALPix subdivision
into a different form. The idea, borrowed from cosmology, is to go through the power spectrum.









where l = 0, . . . ,∞, −l ≤ m ≤ l and Pml are the Legendre polynomials.
Therefore, it is possible to write any function on the sphere as a linear combination of spherical











ψ(θ, φ)Y ∗lm(θ, φ)dΩ (3.3)
Similarly to what is done in the Fourier space, we define the power spectrum Cl of these fluctuations







The anafast function of the Healpy library returns just these coefficients.
Then, this same expansion was adopted to analyze the temporal profile mapped by Mollweide’s pro-
jection. Taking advantage of a typical convention of the study of the Comsmic Microwave Background
(CMB) radiation field [20], two graphs are proposed in which l(l + 1)Cl is plotted as a function of l.





k ≈ 2Eγ ∼ 1 MeV
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Figure 3.3: Power Spectrum of two events with similar energies: positron (left) and electron (right).
Figure 3.3 compares the power spectrum of the projections of an electron and a positron with almost
the same energy.
In order to give the information about the spatial distribution of the signal, a first 1D model was
trained with arrays containing the Cl coefficients; but the network seems to have learned nothing from
this type of input.
3.2.3 Time Distribution
The projection from spherical geometry to Cartesian coordinates, together with the discretizzation in
pixels, may not allow to maximally encode the information contained in the features of the event. For
this reason a simpler solution has been tried.
With the intention of representing time profiles of the events, histograms that collect the information of
the hit times have been produced. In order to find the best way to represent this type of information,
the response of the model trained with various forms of histograms was studied. In addition to
changing the number of bins, different bins distributions have also been tried (such as the logarithmic
one). To achieve the task and to make the distribution along the bins more uniform, the histograms
with 100 equal size bins turned out to be the best choice. By deepening the use of time histograms this
strategy has been expanded by investigating the response of the model to datasets divided according
to different physical characteristics of the events. A division based on the energy of the event was
tried.
For a first comparison, the figure shows the 100 bins histograms of the usual sample events.
Figure 3.4: Time Profile of two events with similar energies: positron (left) and electron (right).
3.3 Model
The different types of prepared data were used to train the same type of model. There are several
libraries that implement algorithms for neural networks. A popular open source library is Keras API
(Application Programming Interface) [21], written for and in Python. This library was chosen because
it has a user friendly interface with many standard methods for deep learning.
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3.3.1 VGG architecture
A good starting point is the general architectural principles of the VGG3 model [22]. This is a
good starting point because they achieved top performance in the ILSVRC 2014 competition [23] and
because the modular structure of the architecture is easy to understand and implement.
The architecture involves stacking convolutional layers followed by a max pooling layer. Together,
these layers form a block, and these blocks can be repeated where the number of filters in each block































Figure 3.5: Scheme of the VGG16 architecture. Convolutional layers are in yellow, maxpool in red and fully
connected in purple.
This architecture is usually implemented to receive images as input, in this case it has been adapted
accordingly to be trained through one-dimensional arrays. Therefore, the network used consists of
3 VGG blocks, each consisting of a 1D convolutional layer which presents an increasing number of
filters, specifically 32, 64, 128.
Furthermore, since it is a binary classification problem, it is important to build the models so that the
result of the prediction returns 0 or 1 corresponding to the type of class. In this sense, at the end of
the VGG blocks, two dense layers – with a single output node – were implemented, activated by the
sigmoid function. Consistently, the model has been optimized through the binary cross-entropy loss
function.
In general, convolutional neural networks are implemented to recognize spatially related patterns by
applying filters only to small portions of the input. For this reason they achieve the best results in
image recognition. In this case small filters has been tried but the type of input does not require
to be investigated to recognize local patterns, instead it must be totally interpreted. As a matter of
fact, the time histograms represent a sort of ”integral” features. To do this, the model was therefore
constructed so that each convolutional layer applies a filter exactly as large as the input size, in order
to interpret the histogram as a whole. Precisely, a kernel size = 100 has been set.
3.3.2 GPU usage
Keras runs with Tensorflow backend API [24] that is used to optimize the calculations of large numbers
of tensor operations, which are performed during the training of a neural network. To speed up the
process it is useful to use GPUs, a hardware that allows you to perform multiple parallel calculations
simultaneously.
In order to do this, the work was done on a virtual machine hosted on Cloud Veneto [25], using a
Nvidia Tesla T4 GPU with a 15 cores CPU, 90 GB of RAM and 500 GB of available storage on a
SSD.
3Visual Geometry Group of Oxford University
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3.4 Results
In this section the results obtained with the 100 equally spaced bins histograms are showed.
As differences between electrons and positrons should become smaller for higher energies, as the
annihilation signal becomes relatively small, an energy depended analysis is required as well. The
two million events have been divided into nine energy ranges. Following the uniform distributions
each subset contains about 200k events where electrons and positrons are compared with the usual
∆Ee
+ ∼ 1Mev. The data are then divided into 80% training set and 20% validation set. In figure 3.6
accuracies are plotted against the true visible energies.
0 1 2 3 4 5 6 7 8 9


















Figure 3.6: Accuracy as function of energy.
Energy ranges are those of protons.










As expected, with increasing energy, the discrimination task becomes more difficult and results pro-
vided by the model tend to get worse. However, it is fair to point out that a network that classifies
randomly would produce an accuracy of 50%, for this reason even the 58% achieved for the highest
energies on a validation set of about 40k events is still significantly better than a random classification.
Figure 3.7 shows the cross entropy and the accuracy against the epochs for the first energy range.


































Figure 3.7: Loss function and accuracy against epochs for lowest energy. Plotted for training set in blue and
validation set in orange.
This is the best result obtained, where the model managed to reach 78% accuracy on the validation set.
The loss function for training set could be minimized even further but this would mean an overtraining





The goal of this thesis was to examine machine learning approaches for electron-positron discrimination
in the JUNO experiment. Three different methods have been investigated, which are:
• the production of images with the HEALPix pixellation scheme,
• the distinction of the signal spatial distribution through the power spectrum,
• the difference between time profile patterns via time histogram building.
As the physics required, an analysis for different energy ranges was also discussed.
In the end the simplest approach of building histogram for data preparation has been adopted. Even if
the final result remains inconclusive, the obtained results managed to reach a significant value anyway.
As a matter of fact electron-positron separation is much more challenging than e.g. alpha/beta
separation, which is successively achieved with traditional pulse-shape discrimination methods.
The work showed that features obtained from hit time information alone are not sufficient to allow
the network to complete the classification at high accuracy level. For this reason, adding new features
could be an interesting field of study. Future works could implement more information such as the
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